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Abstract 
The paper presents a real-time affective state detection namely the engagement level detection by using fuzzy classifier that can be 
applied to human-robot interaction. In order to develop the fuzzy classifier, the engagement model is developed using the data collected 
from a controlled design experiment. In the experiment, the data collected are from the total number of endogenous eye blinks and the 
total error from the trajectory the subjects have to follow in completing specific tasks. For the tasks, the subjects are asked to track a set of 
prescribed paths within the allocated times and have to obey different speed constraint. Various shapes of trajectories are given to the 
subjects in order to study the level of engagement while performing the task. The data then are used to develop the fuzzy classifier to 
measure the level of engagement (LOE) of the subjects. Following the experiments, a series of questionnaires are given to the subjects to 
validate the engagement model developed. The result from the fuzzy classifier is applied on a robotic model that has linear motion 
featured control. The LOE can be used to adapt the speed of the robotic platform model which is useful for the human-robot interaction. 
In this paper, the engagement model is in the form of fuzzy classifier is designed as a higher level controller using the discrete-event 
system (DES) approach to control the speed of the robotic platform. Preliminary analysis on the high-level controller shows a promising 
result for future research in application for robot-assisted rehabilitation. 
 
© 2012 The Authors. Published by Elsevier Ltd. Selection and/or peer-review under responsibility of the Centre of 
Humanoid Robots and Bio-Sensor (HuRoBs), Faculty of Mechanical Engineering, Universiti Teknologi MARA. 
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Nomenclature 
ሚܵ Control state of the system 
ݔ෤ Plant symbols of the system 
ݎǁ Control symbol of the plant 
ߜ Transition function 
׎ Output function 
LOE Level of engagement 
EOG       Electrooculography 
1. Introduction 
A framework for human-robot interaction where the engagement level of the operator is detected through physiological 
signals is presented in [1]. In this work, physiological signals were trained using the regression tree based prediction [2] to 
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deduce the engagement level of the operator. [3] Suggested that a robot that could interpret the physiological signals of the 
subjects intelligently is important in human-robot interaction. In order to interpret the signals intelligently, one could apply 
fuzzy logic decision-making [4] where it is a modelling that resembles the human process of reasoning. Eye blinks and eye 
movements are important human behavior that provides significant information for the researchers [5]. The eye blinks 
characteristics such as the total duration; the frequency and also the pattern are among those important criteria that can be 
used to study the cognitive and affective states of a person [6]. Both the eye blinks and eye movements are the result of 
processing of information by the brain. The EOG signal is inexpensive and able to provide mean to study the eye blinks and 
the eye movement non-invasively [7]. The normal eye closure during eye blinking takes within 40 to 200 milliseconds. The 
average blinking for a person at rest is about 12 to 19 blinks [8]. According to Orchard and Stern in [9], eye blinks can be 
categorized into three groups as   follows: (1) Reflex blinks where it responded as a guard to keep the eye free from dust (2) 
Voluntary blinks where the blink is due to conscious control. This type of blinking also includes the squinting and winking 
the eyes (3) Endogenous blinks are blinks which occurred during reading or speaking. In this work, we will consider the 
endogenous type of eye blinks because it is the blink that related to the changes of attention of a person. According to [9], 
the more attention a task is required, the fewer eye blinks recorded. Eye blinking is a good measurement to reflect visual 
engagement in human being as reported by [10]. When a person blink, the retina of a person is partially interrupted which 
results in loss of visual stimulation for about 150 to 400ms [11]. A normal adult will lost about 44 minutes in average of 
visual information in a day. In studying the engagement the visual lost due to the increase of eye blinks in performing 
activities like reading and watching visual mean the level of engagement is low as reported in [12,13]. [14] since 1980s 
manufacturing systems adapt discrete event systems with important properties such as controllability, observability and 
stability. One of the characteristics of the supervisory control is that the system being controlled by a Discrete Event System 
(DES) described by a finite state automaton [15]. In this paper we are applying the Discrete-event system approach to 
control the linear motion robotic platform model by developing the fuzzy classifier. 
2. Methodology 
2.1. Experimental Setup 
 
 
 
 
 
 
 
 
Fig. 1: Experimental Setup 
 
      In this experiment, EOG signal was collected from the frontal area of the subjects. The main objective of this 
experiment is to study the degree of engagement of human subjects in completing a series of tasks in trajectory tracking 
experiment based on the physiological signals.  The subjects are chosen randomly based on both sexes, aged from 20 to 40 
years and are asked to participate in a series of experiments followed by a series of questionnaires. In the experiment, 
subjects are asked to trace a set of prescribed paths within the allocated times and have to obey different speed constraints. 
Various shapes of trajectories are given to the subjects in order to study the degree of engagements while performing the 
task are shown in Fig. 2 (a), 2 (b), and 2 (c). The series of trajectories were specially designed using the C programming in 
MATLAB software to meet the main objective of the experiment. In order to measure the degree of engagement, the 
physiological signal; namely the EOG is recorded by using the G-tec data acquisition system. From these signals, 
information on the endogenous type of eye blinking is extracted. From the EOG signals captured, the total number of 
endogenous eye blinks during the whole experiment was calculated for every participant. Figure 3 depicts the EOG signals 
captured by the G-tec DAQ. In order to calculate the peak that represent the endogenous blink, a band of threshold [16] is 
set shown the Fig.3. The peaks that fall within the threshold band represents the voluntarily blinks meanwhile, the 
endogenous blink falls outside the threshold.  Since eye signal is not sufficient because it is very oriented, thus average error 
from the experiment were taken as one of the parameter to deduce the level of engagement of the subjects. 
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(a)                                                                                      (b)                                                                             (c)                                
 
Fig. 2: Different level of trajectories (a) Easy, (b) Moderate, (c) Hard 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3: Endogenous eye blinks 
2.2. Fuzzy Classifier 
 
In order to develop the fuzzy classifier, we now define the input and output for the system. In order to deduce the level of 
engagement of the subjects, the inputs that are fed to the classifier are the average blinks and average error collected from 
the experiment earlier. On the other hand, the output for the fuzzy classifier is simply the level of engagement of the 
subjects.  The fuzzy classifier is important in order to stimulate the linear motion feature robotic platform. 
 
2.3. Validating Questionnaires 
 
In order to verify the results obtained from the fuzzy classifier; engagement levels of the subjects, the subjects were 
given series of questionnaires. The list of questionnaires is listed as below: 
 
Q1.1 Age: 
Q1.2 Sex: 
Q2.1 How engaged are you in performing the task? 
Q2.2 I forgot about my immediate surroundings while performing the task given. 
Q2.3 I was so engaged in performing my task that I ignored everything around me. 
Q2.4 I was so engaged in performing this task that I lost track of time. 
 
2.4. Discrete-event system and Robotic platform 
 
Hybrid supervisory control system consists of plant and a controller that is linked to the plant through a feedback [15].  
One of the characteristics of the supervisory control is that the system being controlled by a Discrete Event System (DES) 
described by a finite state automaton governed by Eq. 1 
 
                                      ܦ ൌ ሺ ሚܵǡ ݔ෤ǡ ݎǁ ǡ ߜǡ ׎ሻ                                                                                       (1) 
 
where ݔ෤ represents the plant symbols, which is generated from a set of events. ሚܵ is the control state of the system.  
Each of the discrete control state represents different velocity with different level of engagement where the subjects have to 
Endogenous eye blink 
Voluntarily eye blink 
815 Shahrul Naim Sidek et al. /  Procedia Engineering  41 ( 2012 )  812 – 818 
obey during performing the tasks. In this research, three groups of control states, ሚܵ applying the discrete events system 
framework were developed. As depicted in Table 1 the additional State ሚܵହ represents the control states where the subject’s 
arm has reached the desired position that has been set. Table 2 also shows the entire control symbol, ݎǁ used for the low level 
controller. The control symbol, ݎǁ generates different mode of speed depending on the level of engagement of the subjects. ݎǁହ 
is a mode where the speed is negates to negative in order to bring the robot’s arm back to its original position. Table 3 
shows the plant symbol, ݔ that triggered the transaction between control states ሚܵare defined.ݔ෤ହ represents the state where 
the robot has reached the desired position. Plant symbols are generated based on the average blinks and average error. 
 
                             Table 1: Control state and definition 
 
Control State     
 
 Level of Engagement 
State 1ሺ ሚܵଵሻ Start 
State 2 ( ሚܵଶ) 1 
State 3 ( ሚܵଷ) 
State 4 ( ሚܵସ) 
2 
3 
State 5 ( ሚܵହ) Subject’s arm has reach the initial or desired position 
 
                           Table 2: Control symbol and definition  
 
Control Symbol     Definition of actions 
ݎǁଵ Start 
ݎǁଶ Speed = 2.5cm/s 
ݎǁଷ 
ݎǁସ 
Speed = 3.0cm/s 
Speed = 3.5cm/s 
ݎǁହ Subject’s arm has reach the initial or desired position 
           
                  Table 3: Plant symbol and definition 
 
Plant symbol     
 
 Average error and average eye blinks 
ݔ෤ଵ Start 
ݔ෤ଶ High 
ݔ෤ଷ 
ݔ෤ସ 
Moderate 
Less 
ݔ෤ହ Subject’s arm has reach the initial or desired position 
 
3. Results and analysis 
 
Fig. 4 depicts the result of average eye blinks of the subjects. From the result, we can observed that participant 3 has the 
lowest number of eye blinks with the average of 1.09 blinks over 23 trajectories while participants 16 recorded the highest 
amount of eye blinks with the average of 4.7 blinks. On the other hand, Fig. 5 shows the result of average error for all the 
subjects. The result clearly shows that participant 3 has the lowest average error and participant 16 has the highest average 
error.  The average error for the trajectories for the subjects is governed by Eq. 2. 
 
ܧݎݎ݋ݎ ൌ
σ σ ඥ݆ܺ݅ଶ ൅ ܻ݆݅ଶ௠௜ୀ଴௡௝ୀ଴
݊  ሺʹሻ 
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From the results obtained, we could clearly observe and deduced that participant 16 with the highest average eye blinks 
and highest average error is not engaged in this tasks. On the other hand, participant 3 with the lowest average of eye blinks 
and lowest average error is engaged in the tasks given. 
                                    
                    Fig. 4: Average blinks                                                                                            Fig. 5:  Average error 
 
The inputs for the fuzzy classifier are average blinks and average error in pixels while the output is the level of 
engagement of the subjects. In modeling the system, the Gaussian curve is used as the membership function for the inputs as 
shown in Fig. 6 (a) and 6 (b) and triangle membership function for the output as shown in Fig. 6 (c). 
 
                                      
(a) (b) 
 
 
 
 
 
 
 
 
 
                                                                                     
 
  
                                                                                                                                (c) 
 
Fig 6: (a) Average blink, (b) Average error (pixels), (c) Level of engagement 
 
Table 4 depicts the relationship between the input variables namely the average blinks and average error that will determine 
the output state which is the engagement level of the participants. 
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Table 4: Decision table 
 
Blinks/Error Less A little Moderate Big  Very big 
Less VE VE VE E M 
A Little VE VE E M AL 
Moderate VE E M AL NAA 
Much E M AL NAA NAA 
Very Much M AL NAA NAA NAA 
 
where VE = Very Engaged, E=Engaged, M=Moderate, AL=A Little and NAA=Not at all 
 
These rules will be used to execute the fuzzy inference process. In this process, each rule is combined to contribute the 
aggregate output before being defuzzified to get the output that indicates the level of engagement for the participants. The 
result deduced from the experiment however might be corrupted by many external disturbances such as the noise from the 
surrounding environment. In order to validate the experimental results, a designated questionnaire was given to the subjects 
upon completing the tasks. The level of engagement of the subjects is governed by Eq. 3. 
 
ܮ݁ݒ݈݁݋݂ܧ݊݃ܽ݃݁݉݁݊ݐ ൌ ܳʹǤͳ ൅ ܳʹǤʹ ൅ ܳʹǤ͵ ൅ ܳʹǤͶͶ ሺ͵ሻ 
 
Fig. 7 shows the level of engagement of the subjects calculated using Eq. 3. 
 
 
 
 
 
   
 
 
 
      
 
                                                   
      Fig. 7: Level of Engagement of subjects 
 
The performance of the proposed high-level control framework for linear motion featured robot was analysed using 
simulation done through Matlab/Stateflow software to study the performance of the robot platform to adapt the speed 
change when the level of engagement changed. From the simulation done, we can see that at the starting point A in Fig 8 (a) 
the subject is not really engaged in the particular given task, thus it will generate the speed of 2.5cm/s. Point B in Fig. 8 (b) 
shows that the subject has reached the desired position and it will negates the speed to be negatives producing a negative 
speed of -2.5cm/s as shown in Fig. 8 (a). While performing the task, it is observed that the subject has shown higher level of 
engagement, thus the speed will adapt the changes as can be seen in point C in Fig. 8 (a). Point D in Fig. 8 (b) on the other 
hand shows that the subject has reached the desired position and this will activate the change of speed to -3.0cm/s as shown 
in Fig. 8 (a). 
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(b) 
 
Fig. 8: (a) Velocity profile, (b) Position profile 
 
Conclusion 
 
In this paper, the fuzzy classifier can be modeled by using the data of average blinks and average error. The output from the 
fuzzy classifier which is the level of engagement can be used to adapt the speed of the robotic platform mode which is 
beneficial for human- robot interaction. The fuzzy classifier is designed as a high level controller using the discrete-even 
system (DES) approach in order to control the robotic platform. 
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